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ABSTRACT

This study investigates the use of predictive maintenance and condition-based monitoring (CBM)
strategies for maritime drive systems through the application of machine learning techniques. These
systems are critical to vessel operations, where performance degradation or unexpected failures can result
in costly downtime, increased operational expenses, and safety hazards. Key operational parameters—
including torque, rotational speed, temperature, pressure, fuel consumption, and state indicators—are
continuously monitored to assess system health and performance. By leveraging both historical and real-
time data, machine learning models are trained to detect anomalies, predict failures, and support system
optimization. Regression algorithms are evaluated using performance indicators such as Mean Squared
Error (MSE) and the coefficient of determination (R2), ensuring accurate and robust predictions. Through
the analysis of interdependencies among system variables, the models uncover patterns associated with
wear, inefficiency, or impending faults. This predictive framework enables proactive maintenance
decisions, minimizes unscheduled repairs, and improves the reliability and operational efficiency of
maritime propulsion systems. The outcomes offer practical insights for enhancing performance
management and promoting higher safety standards in the maritime industry.

Keywords: : Predictive Maintenance, Condition-Based Monitoring (CBM), Maritime Drive Systems,
Machine Learning, Anomaly Detection, Failure Prediction, Propulsion System Monitoring.

1. INTRODUCTION Maritime propulsion systems form the

Maritime propulsion systems are vital to the
operation, safety, and efficiency of seafaring
vessels. As these systems operate under harsh and
dynamic conditions, they are susceptible to wear,
faults, and performance degradation over time.
Traditional maintenance approaches often rely on
scheduled checks or reactive responses, which can
lead to costly downtime and unexpected failures.
With the advancement of sensor technologies and
data analytics, intelligent fault detection and
performance optimization have emerged as
transformative strategies in the maritime industry.
By integrating real-time monitoring with machine
learning algorithms, it becomes possible to identify
early signs of malfunction, predict potential
failures, and optimize operational performance.
This intelligent approach not only enhances system
reliability but also supports proactive decision-
making, reduces maintenance costs, and ensures
safer and more efficient maritime operations.

backbone of modern naval and commercial marine
transportation, powering vessels across oceans with
high efficiency and reliability. However, these
complex systems are often subjected to extreme
operating conditions such as fluctuating loads,
variable sea states, high salinity, and temperature
variations that can lead to wear, degradation, and
unexpected failures. Traditional fault detection and
performance monitoring techniques are often
reactive in nature, relying on scheduled inspections
or post-failure analyses, which can result in
increased maintenance costs, unplanned downtime,
and compromised safety.With the advent of
Industry 4.0 and advancements in artificial
intelligence (Al), data analytics, and sensor
technologies, there is a growing shift towards
intelligent, predictive maintenance strategies.
Intelligent fault detection systems leverage real-
time sensor data, machine learning algorithms, and
diagnostic models to proactively identify

anomalies, predict failures, and recommend
corrective actions before catastrophic breakdowns
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occur. By integrating these technologies with
maritime propulsion systems, ships can operate
with  improved reliability, reduced  fuel
consumption, enhanced safety, and optimized
lifecycle costs.

Performance optimization, on the other hand,
focuses on maintaining the propulsion system at its
peak efficiency under varying operational
conditions. This involves continuous monitoring of
critical parameters such as engine load, torque,
shaft speed, vibration, fuel efficiency, and
emissions. Intelligent optimization frameworks use
adaptive control mechanisms, digital twins, and
optimization algorithms to fine-tune operational
settings in real-time, ensuring optimal energy usage
and minimal environmental impact. In essence, the
integration of intelligent fault detection and
performance optimization in maritime propulsion
systems represents a transformative step toward
smarter, greener, and more efficient maritime
operations. This approach not only enhances vessel
reliability and cost-efficiency but also aligns with
global goals for sustainable marine transportation

and compliance with international maritime
regulations.
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Figure 1: Intelligent Monitoring Framework for
Maritime Drive Systems

The diagram illustrates the intelligent fault
detection and performance optimization process in
maritime propulsion systems. It begins with data
acquisition from the ship's propulsion components,
capturing key operational parameters. This data is
then analyzed by the intelligent fault detection
module, which identifies early signs of system
anomalies. If a fault is diagnosed, it is processed
further for classification and severity analysis. The
results feed into another intelligent fault detection
layer that ensures refined diagnosis and continuous
monitoring. Based on these insights, control signals
are sent back to the maritime propulsion system for
real-time adjustments, completing a feedback loop
that enables smart optimization and enhances
system reliability and performance.

2. LITERATURE SURVEY
Maioneet.al[1]initiated in implementing predictive
maintenance involves selecting an appropriate
machine learning (ML) algorithm. However, this
choice is often made without a comprehensive
evaluation of the various algorithms available in
existing research. To address this gap, the authors
introduce a structured framework designed to guide
the early stages of predictive maintenance
deployment by benchmarking the most effective
ML algorithms. This framework is demonstrated
through a case study focused on forecasting failures
in the oil circuit of a marine diesel engine. The
performance of each algorithm is assessed not only
by measuring the mean squared error (MSE)
between predicted and actual values but also by
evaluating the algorithm's response time—a critical
factor for timely maintenance interventions. The
findings confirm that the framework effectively
supports predictive maintenance efforts, with both
prediction accuracy and computational efficiency
serving as key criteria for algorithm selection.
Furthermore, this approach is flexible and can be
adapted to test additional algorithms using various
performance indicators, as well as to extend
predictive maintenance applications to other engine
components.

This study fills a significant gap in current research
by offering a detailed analysis of key data-driven
predictive maintenance (PdM) systems. Kalafatelis
et.al [2] specifically investigates common failures
and performance issues across various ship
components, including  propulsion  systems,
auxiliary machinery, electrical systems, and the
hull. The paper reviews how modern PdM
architectures—ranging from traditional machine
learning methods to more sophisticated deep
learning approaches—are being applied to tackle
these challenges. Furthermore, it explores emerging
learning paradigms such as centralized learning,
federated learning, and transfer learning,
highlighting both their potential to strengthen PdM
capabilities and the limitations they currently face.
The paper concludes by discussing the main
obstacles that limit broader adoption of these
technologies and outlines potential pathways for
future development and implementation in the
maritime sector.

Zhang et.al [3] provides a comprehensive review of
the Prognostics and Health Management (PHM)
framework within the maritime sector, aiming to
address existing research gaps. It begins by
systematically presenting the key Health Condition
Monitoring  (HCM)  techniques  commonly
discussed in academic studies. This is followed by a
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summary of widely used Fault Detection (FD)
methods and their practical applications in Marine
Shipboard Auxiliary Equipment (MSAE), along
with a structured overview of the implementation
process for intelligent diagnostic approaches. The
review then explores Health Prognostics (HP)
technologies, focusing on the development of
Health Indicators (HI), segmentation of Health
Stages (HS), and various approaches used for
predicting Remaining Useful Life (RUL). In
addition, the paper traces the evolution of
maintenance strategies in the maritime domain. It
concludes by outlining the primary challenges
associated with deploying PHM systems for the
development and operation of intelligent vessels.
Berghout et.al [4] focuses on identifying and
learning significant patterns from limited datasets
to develop a more generalized health estimation
model. It utilizes an online training algorithm
inspired by local receptive field concepts within
extreme learning machines, using data generated
from a propulsion system simulator. When
compared to other variants of extreme learning
machines, this method demonstrates superior
performance in both approximation accuracy and
generalization across various training scenarios.
Faggion etal [5] approach utilizes sensors,
continuous monitoring, and advanced diagnostics to
evaluate component health and predict failures. A
major challenge in maritime applications is the
system heterogeneity and the lack of run-to-failure
data, making Remaining Useful Life (RUL)
estimation difficult. To address this, a fully data-
driven framework is developed that does not rely
on predefined failure patterns. It includes data
collection, preprocessing, Health Index (HI)
generation, and RUL prediction, validated using
real failure case data. The unsupervised method
enables both real-time fault detection and health
trend analysis, offering reliable projections of
potential failure periods.

Karatug et.al [6] proposed strategy is versatile and
can be effectively implemented across various
subsystems within a ship’s engine room, including
critical areas such as the fuel oil system. By
applying this approach, operators can monitor the
operational health and performance of these
systems more accurately. Furthermore, the
effectiveness and precision of the strategy can be
significantly enhanced by incorporating additional
parameters collected from key monitoring points
throughout the system. These parameters may
include pressure, temperature, flow rate, and
vibration data, which provide deeper insights into
the system’s condition. Expanding the range of
input variables not only strengthens the fault

detection capabilities but also improves the
reliability —of predictive  maintenance and
performance optimization. This adaptability makes
the approach a valuable tool for comprehensive
health monitoring across different components of
maritime propulsion and auxiliary systems.
Asalapuram et .al [7] explores the application of
Convolutional Neural Networks (CNN) as an
effective approach for implementing smart health
monitoring on marine vessels, using electric
induction motors as a case study. A data-driven
deep learning model is developed to classify the
motor's condition as either healthy or faulty.
Additionally, a system architecture is proposed for
real-time deployment of this model on edge
computing hardware aboard the vessel. During
operation, sensor data from the motor is
continuously processed by the deep learning model,
with the output integrated into the vessel's Alarm
Monitoring System for immediate condition
assessment and alert generation.

This paper examines the implementation of
Condition-Based Maintenance (CBM) using Data-
Driven Models (DDMs). Cipollini et.al [8] authors
employ several advanced supervised learning
techniques that rely on labeled sensor data for
accurate deployment. Data was gathered from a
naval vessel equipped with a combined diesel-
electric and gas propulsion system to evaluate the
performance of the proposed methods. Due to
confidentiality agreements with the Navy, a
validated simulator based on real operational data
was used instead of direct access to actual vessel
data. The resulting dataset has been made publicly
available through the UCI repository for research
and development purposes.

Cheliotis et.al [9] combines Machine Learning-
based fault detection methods with Exponentially
Weighted Moving Average (EWMA) control charts
and Bayesian diagnostic networks to analyze the
progression and behavior of faults and failure
modes over time. To validate the proposed
approach, a case study involving a marine main
engine is conducted, focusing on faults within the
air cooler and the air and gas handling system. The
findings indicate that simultaneous abnormal
fluctuations in the engine’s exhaust gas temperature
are more likely linked to issues within the air and
gas handling system, highlighting the effectiveness
of the integrated diagnostic framework.

Kimera et.al [10] presents a predictive maintenance
strategy designed to provide early warnings of
potential failures using machine learning, rather
than relying solely on sensor-based systems. The
approach involves analyzing operational data from
a dock pump using MATLAB to extract meaningful
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insights. Principal Component Analysis (PCA) was
applied to identify which operational parameters—
such as back pressure, flow rate, amperage, RPM,
and suction pressure—were most indicative of
potential failure. These parameters were monitored
over a 40-week period. The predictive model
forecasted a likely failure or need for maintenance
between the 7th and 8th weeks, while the actual
failure occurred after 9 weeks and 2 days. This
resulted in a deviation of approximately 13.85%,
which was largely attributed to the limited quantity
and quality of the data. Despite this discrepancy,
the model demonstrates potential as a preliminary
maintenance prediction tool, particularly in
scenarios where sensor technology has not yet been
fully implemented on dock pumps.

3. METHODOLOGY
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Figure 2: System Architecture

The diagram presents a comprehensive architecture
for applying machine learning to predictive
maintenance in maritime drive systems. It starts
with Sensor Data Integration, where a variety of
critical parameters—such as torque, temperature,
pressure, and rotational speed—are continuously
collected through onboard sensors. This raw data
then undergoes Data Cleaning and Feature
Engineering, a crucial step to ensure data quality
and consistency. In this phase, missing values are
addressed using median imputation, irrelevant or
noisy elements are removed, and data is
standardized through feature scaling to prepare it
for analysis. Once cleaned, the data enters the
Feature Selection stage, where domain expertise
and algorithmic methods are used to isolate the
most significant variables that influence equipment
behavior and failure trends.

The processed data is then used to build a Machine
Learning Model, starting with Model Selection,

where a Random Forest Regressor is chosen due to
its robustness and ability to handle complex,
nonlinear relationships in both historical and real-
time data. The model is fine-tuned in the Model
Tuning phase using hyper parameter optimization
techniques like Grid Search CV, which
systematically tests parameter combinations to
enhance predictive performance. Finally, the
Evaluation stage measures the model’s accuracy
and reliability using metrics such as Mean Squared
Error (MSE) and the R2? Score. These metrics help
assess how well the model can predict potential
system failures or degradation. Overall, this
architecture supports a proactive maintenance
strategy, enabling early fault detection, reducing
downtime, and improving operational efficiency
and safety in maritime applications.

4. PARAMETERS OBTAINED

The table presents essential formulas for
monitoring and controlling a maritime gas turbine
propulsion system. It includes the calculation of
lever position as a percentage based on its range,
ship speed using propeller dimensions and
efficiency, and gas turbine shaft torque derived
from power and RPM. It also covers the estimation
of high-pressure turbine exit pressure through
isentropic relations involving temperatures and
efficiency, and determines turbine injection control
based on required power, system efficiency, and the
fuel’s lower heating value. Together, these
formulas support intelligent fault detection and
performance optimization.

Table 1. Essential Parameters and Their Formulas in

Marine Turbine Systems

Parameters Formula

Lever Position Lever Position (%) = (Current
Position - Minimum) / (Maximum

- Minimum) x 100

Ship Speed Speed (v) = (x x D x N x 1)/ 60
Gas Turbine | 7=Px9550

Shaft Torque N

Hp Turbine Exit | Po=P1[1-ne(1-(T2/To))]¥rD
Pressure

Turbine Injection
Control

me=Prequired/m.LHV
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5. RESULTS

Figure 3. Correlation Heat Map

The figure 3 shows a correlation heatmap of
various parameters in a gas turbine propulsion
system, where red indicates strong positive
correlation and blue indicates weak or no
correlation. Key relationships include strong
correlations between propeller torques and turbine
parameters, aiding in identifying performance
dependencies and potential fault indicators.The bar
graphs are shown below for before handling the out
lier and after handling the after handling the
outliers for liver position ,ship speed,Gas turbine
shaft torque,HP turbine exit pressure,Turbine
injuction control.
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Here, include the live data for Different warnings

Live Dats:

Lever position: 9.77

Ship speed (v)i 6.17

Gas Turbine {GT) shaft torque (GTT) [AN =): 28502.18

HP Turdine exit pressure (P48) [bar]: 3.26

Turbine Injecton Control (TIC) [%]: 45.47

Marning: Lever position is out of range! Value: 5.771402078%31034
No ismediate risk of system failure detected for any feature.

Marning History:
Lever position: 1 warnings

Live monitoring data of a maritime
propulsion system, highlighting key
parameters such as lever position, ship
speed, gas turbine torque, turbine exit
pressure, and injection control. A warning
is issued for the lever position being out of
range Warning 1, although no immediate
risk of system failure is detected.

Live Data:

Lever pesition: 6.69

Ship speed (vi: 13,72

Gos Turbine {(GT) shaft torque (GTT) [kN m]: 2076.18

HP Turbine exit pressure (P4B) [bar]: 2,63

Turbine Injecton Control (TIC) (%]: 44,32

AlL parsmeters are within the acceptable range.

No immediate risk of system failure detected for any festure.

Marning History:
Lever position: 2 warnings
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This is the live operational data of a
maritime propulsion system where all
monitored parameters—Ilever position, ship
speed, gas turbine torque, turbine pressure,
and injection  control—are  within
acceptable limits. Although the system is
currently stable, the lever position has
triggered two warnings in the history,

indicating a need for continued
observation.

Live Data

Lever position: 7,07

Ship speed (v): 17.56

Gas Turbine (GT) shaft torgue (GTT) [KN m]l: 47641.29

HPF Turbine sxit pressurs (P48) [bar]: 3.02

Turbine Injecton Control (TIC) [N): 48.85

All parometers are within the acceptable range.

No imnediate risk of system failure detected for any feature

Marning History:

Lever position 3 varnings

It presents live data from a maritime
propulsion system, indicating that all
operational ~ parameters are  within
acceptable limits and no immediate failure
risk exists. However, the lever position has
recorded three warnings in the system's
history, suggesting recurring anomalies
that may require closer monitoring.

Live Data

Lever pesition: 4.53

Ship speed (v): 22.38

Gas Turbime (GT) shaft torque {GTT) (kN m): 81638.02

KF Turbine exit pressure (P33) |barj: 3.76

Turdine Imjectonm Control (TIC) [\): &69.03

All parameters are within the acceptable range

Alert: Lever position has exceeded 3 warnings. Predicted failure
within 68 to 5C days.

Marning History
Lever position: & warnings

The real-time data indicating all system
parameters are currently within acceptable
limits. However, the lever position has
triggered 6 warnings, exceeding the critical
threshold, prompting an alert for a
predicted failure within the next 60 to 90
days.

6. Conclusion

The integration of machine learning with predictive
maintenance and condition-based monitoring offers
a powerful solution for enhancing the reliability and
efficiency of maritime drive systems. By analyzing
both historical and real-time operational data, the
developed models can accurately detect anomalies,
forecast potential failures, and support informed
maintenance planning. This data-driven approach
reduces unplanned downtime, lowers maintenance
costs, and contributes to safer maritime operations.
Overall, the study demonstrates the potential of
intelligent  monitoring systems to improve

operational  decision-making and  advance
maintenance strategies in the maritime sector.

7. Future Scope

This study focuses on developing a predictive
maintenance framework for maritime drive systems
by utilizing machine learning models to analyze a
range of operational parameters. The scope includes
the collection and processing of both historical and
real-time data, covering features such as torque,
rotational speed, temperature, pressure, fuel flow,
and system state indicators. These parameters are
used to train and evaluate regression models for
predicting system performance and identifying
early signs of faults or degradation. The aim is to
build accurate, reliable models that can support
anomaly detection, failure prediction, and
maintenance scheduling, thereby improving system
efficiency, reducing unplanned downtime, and
enhancing safety standards in maritime operations.
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